Reducing the levels of toxic chemicals that cause adverse health and environmental impacts is a challenge for the international community. There is a need of a global strategy. Indeed, too often the problems associated to the exposure of chemical substances is recognized a posteriori, in the presence of consequences already observed. The prediction of the likely effects of chemical exposure on human health is based on classical tests with animals, which are time and money consuming, may deviate from an accurate prediction towards humans, and arises ethical concerns. Regulations are now considering the adoption of in silico (or computational) methods, which can be used for prioritizing substances according to the probability to be toxic for the biosphere. Several initiatives have prioritized chemicals, typically based according to some criteria, such as chemicals which may be endocrine disruptors, or persistent, bioaccumulative, or toxic (PBT). However, these initiatives focused on a certain range of adverse properties, and covered a certain number of substances only. We applied a set of largely validated and widely used predictive methods to large collections of chemicals: (i) to about 340,000 with a defined function, and (ii) to about 6 millions, which have been synthetized. The aim of this study is to quantify the putative impact of existing and future chemicals on towards human health, ecological and environment properties. The impact on the environment is the cause of major concern. This is the case of pesticides and hazardous, which is quite expected; however, also pharmacologically active candidate compounds of natural origin may have a high level of ecotoxicity. Pesticides and hazardous are also the categories of higher concern for humans, followed by pharmaceuticals. The pesticides and the hazardous are the categories of higher concern also on the environmental point of view. The results of our analysis could be the basis for the identification of new safety rules.
Significance is calculated by comparing the % of putatively safe and unsafe compounds for a given category of chemical to the % of putatively safe and unsafe compounds in the SIGMA catalog. Legend: * = chi square p-value < 0.05, ** = p-value < 0.001. may recall a new edition of the beau savauge dispute on the risks of the progress (Rousseau1762 ), it is important to analyse on a neutral point of view the possible impact of chemical substances in general, because there is quite a large ignorance of the effects that substances have on the human health and on the environment. The obtained information may drive initiatives focussed on the identification of prioritises, and substitutions or avoidance of risky substances.
First, we compiled and analysed a collection of about 340,000 substances with different functions (see Methods for a detailed list of sources). The attention was given to properties commonly used for the risk assessment of chemical: in details, endpoints of concern for the human health, such as carcinogenicity, mutagenicity and reproductive toxicity (CMR), for ecotoxocological properties, such as fish and Daphnia Magna acute toxicity, and environmental properties, such as bioconcentration factor (BCF), ready biodegradability, and persistence in water, soil and sediments. These endpoints have been estimated using the software VEGA (Benfenati2013 ). As a general remark, we notice that the predictive models are conservative. We may expect that this will affect the overall results, and thus the main lesson is the relative impact of the different chemical categories, and not the absolute percentage of chemicals with a given property value.
Results.
Impact towards human health.
Impact towards ecotoxicological endpoints.
Also in this case the highest environmental impact is predicted for pesticides and hazardous, together with substances of natural origin. Thus, the last category has an opposite behaviour towards human and ecotoxicological endpoints.
Impact towards environmental properties.
Pesticides and hazardous are categories of higher concern also towards environmental properties, together with pharmaceuticals. On the opposite side, natural compounds have almost a nearly absent impact.
Overall, these results indicate that certain categories of chemicals, like pesticides and hazardous, represent a general risk for the different targets. Metabolites and food contact materials are among the less critical substances in general.
Conversely, other categories, like natural compounds, have different behaviour, since they are the safest substances towards humans and the environment (considering BCF and persistence) while they are quite toxic towards aquatic animals. Industrial chemicals are also with different behaviour. In order to assess a significance of the above described observations, we compared the percentage of putatively unsafe compounds in each category to the percentage of compounds from a huge database of commercial compounds.
Evaluation of the commercial chemical space. The results we presented refer to the predictions obtained with higher reliability, as defined by the VEGA software. This is related to the data and the chemicals used to build up the models, which are about few hundreds or few thousands in the most profitable case (mutagenicity). The extrapolation of these results to the much higher number of compounds, as we did, is an exercise which is useful to get rough indications, and to identify priorities and situations of concern. With these limits we also addressed an even larger number of compounds, about 6 millions, from a commercial chemical catalogue. These substances are in the domain of research, and in most cases are not physically available. Nevertheless, they may represent the future substances. Thus, it becomes important to join the information on the possible reasons of concern which may arise in case of their applications and use. Overall, considering only highly reliable predictions, more than 99% of compounds are into the applicability domain of VEGA in at least 1 of the 3 human endpoints, and of these 46% are labelled as toxicant; only less than 1% of the database is into the applicability domain for at least 1 of the ecotoxicological endpoints, and in this case about 94% of the chemicals are labelled as toxicants; finally, for about 5% of the database compounds we have reliable predictions for at least 1 of the environmental endpoints, showing that only 10% of the compounds would be active (See Fig.  2 ).
Discussion
Within this study we evaluated a large universe of existing, and maybe next generation substances. We identified the relative adverse impact of the different chemicals, together with the reasons of concerns. The other side of the evaluation is also useful: the safety of the substances, and in particular the identification of reasons associated to this behaviour. This is an important feature of the in silico methodology we used: the results on the adverse effect is in many cases related to rules which can be used to avoid the adverse effect, or, on the same premises, the complementary rules related to safety can be exploited to drive the preparation of a new generation of substances with reduced impact.
The strategy we adopted was balanced, covering both effects towards human health and the environment. At the same time, our approach was transparent, allowing spotting the main causes of concern.
Material and Methods.
Dataset.
We collected different collection of chemicals belonging to different categories as described below:
COSMETICS -compounds used as cosmetic ingredients.
We used the COSMOS database v1.0, freely available on http://www.cosmostox.eu, that contains more than 80,000 chemical records with more than 40,000 unique structures; it is the result of a project funded by the European Commission and Cosmetic Europe (European trade association for the cosmetic, toiletry and perfumery industry), bringing together expertise from Europe and USA industry, academia and regulatory agencies.
FOOD AND CONTACT MATERIALS (FCM).
This category comprises materials either intended to be brought into contact with food, are already in contact with food, or can reasonably be brought into contact with food or transfer their constituents to the food under normal or foreseeable use (definition on Regulation (EC) No 1935 No /2004 ). This includes direct or indirect contact. We processed with our approach a U.S. Food and Drug Administration (FDA) database of indirect food additives (over 3000 substances) [Title 21 of the U.S. Code of Federal Regulations(21CFR) Parts 175, 176, 177, and 178] . Indirect food additives are used in food contact articles, including adhesives and components of coatings, paper and paperboard components, polymers, adjuvants and production aids. The database is free available on http://www.fda.gov/Food/IngredientsPackagingLabeling/PackagingFCS/ IndirectAdditives/default.htm. We processed also other lists obtained in collaborations with European Authorities: (1) Furthermore, we processed the 24394 entries of the FooDB v.1 (free available: http://foodb.ca/ by HMDB of TMIC-Canadian Metabolomic Information Center ), that is the largest resource on food constituents in the world, containing information on both macronutrients and micronutrients, including many of the constituents that give foods their flavor, color, taste, texture and aroma.
3. METABOLITES. Here we considered small compounds that are intermediates and products of biological metabolism. In addition to all the databases described by category, we also processed a database that contains molecules referred to all the categories described above and that can be cause of concern because they should be toxic or because they are produced in high volumes. For the first case the database is the Toxin and Toxin Target Database (T3DB) that combines detailed toxin data with comprehensive toxin target information. The free version (downloaded: http://www.t3db.ca/downloads) dated in February 2016 contains 3526 toxins, including hazardous, pesticides, drugs, and food toxins. T3DB project is supported by the Canadian Institutes of Health Research. For the second case, we investigated on the U.S. High Production Volume (USHPV) database (freely available https://iaspub.epa.gov/sor_internet/registry/substreg/list/details.do?listId=74), that includes 3357chemicals manufactured in or imported into the United States in amounts equal to or greater than 1 million pounds per year.
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SIGMA Aldrich catalogue.
We applied our classification algorithm to the full Sigma Aldrich catalogue (version: March 2016). The catalogue is a collection of 7,282,931 chemical structures. We normalized the structures (Methods, Schroedinger's normalizer tool), then we processed only the non-redundant set of 6,644,492 structures.
When the data were available as CAS number, we used the CIRpy, a Python interface for the Chemical Identifier Resolver (CIR) by the CADD Group at the NCI/NIH (https://github.com/mcs07/CIRpy), to obtain the corresponding SMILES strings (http://www.daylight.com/dayhtml/doc/theory/theory.smiles.html). All the SMILES string were then converted to SDF structural files with the Openbabel tools (OBoyle2011 ).
Models.
For each dataset, we then calculated the following models available within VEGA platform v.1.1.1. (free download: http://www.vega-qsar.eu/):
1. Models with human health interest: We used models able to assess the toxicity for cardinal endpoints to evaluate the impact on human health such as Mutagenicity, Carcinogenicity and Developmental Toxicity. For each endpoint, more than one model was used: four for Mutagenicity; four for Carcinogenicity and two for Developmental Toxicity. Each model is described below.
(a) Mutagenicity i. Mutagenicity (Ames Test) model (CAESAR) 2.1.13 provides a qualitative prediction of mutagenicity on Salmonella typhimurium (Ames test). The model extends the original CAESAR model, freely available at: http://www.caesarproject.eu/software/. Structural Alerts have been taken from the Benigni/Bossa rulebase for mutagenicity and carcinogenicity (implemented as a module of Toxtree software). ii. Mutagenicity (Ames Test) model (SARpy/IRFMN) 1.0.7 provides a qualitative prediction of mutagenicity on Salmonella typhimurium (Ames test). The model has been built as a set of rules, extracted with SARpy software from the training set from the Mutagenicity CAESAR model. The original work has been extended, resulting in two sets of rules for mutagenicity (112 rules) and non-mutagenicity (93 rules). iii. Mutagenicity (Ames Test) model (ISS) 1.0.2 provides a qualitative prediction of mutagenicity on Salmonella typhimurium (Ames test). The model has been built as a set of rules, taken from the work of Benigni and Bossa (ISS) as implemented in the software ToxTree version 2.6 (http://toxtree.sourceforge.net). The training set for the model has been extracted from ToxTree, and consists of 670 compounds. iv. Mutagenicity (Ames Test) model (KNN/Read-Across) 1.0.0 performs a read-across and provides a qualitative prediction of mutagenicity on Salmonella typhimurium (Ames test). The model performs a read-across on a dataset of 5770 chemicals.
(b) Carcinogenicity i. The carcinogenicity CAESAR model (v. 2.1.9) is a CP-ANN neural network developed using data for carcinogenicity in rat extracted from the CPDB database. ii. The Carcinogenicity (ISS) model (v. 1.0.2) was built implementing the same alerts (55SA in total, of which 22 for non-genotoxic carcinogenesis) used for Carcinogenicity (genotoxic and non-genotoxic) and mutagenicity ToxTree 2.6.13 ISS rule base (see below the ToxTree description for more details). a virtual library of toxicant compounds as described in the study from P&G (Wu et al., 2013) . The model identifies the category in which the given compound falls and generates a list of virtual compounds for each category. The model implements these categories, and tries to find an exact match between the given compound and any of the virtual compounds in the library.
2. Models with ecological interest: We used models able to assess the acute toxicity (LC50) on two of the indicator organisms chosen into the ecotoxicological regulation framework such as Daphnia Magna and Fish. For each endpoint two models are available. Each model is described below. 
Prioritization algorithm.
We then developed an algorithm for the prioritization of each single substance in the three biosphere levels:
1. Human health toxicity:
(a) For carcinogenicity, predictions of two models were considered: Carcinogenicity CAESAR model (v. 2.1.9 and Carcino IRFMN/ANTARES model (v. 1.0.0). Only highly reliable predictions (defined by ADI index higher than 0.75) were considered. A consensus approach combines linearly the predictions from the two models (Cassano2014 ). A single substance is considered carcinogenic if the result of the consensus formula is higher than 0.
(b) For developmental toxicity, we used a similar approach by combining the results of two models (DevTox CAESAR model v. 2.1.7 and Dev/ReproTox (PG) library model v. 1.0.0) into a single consensus model (Cassano2014 ).
(c) For mutagenicity we developed a consensus formula by combining the predictions from 4 models (Cassano2014 ).
2. Ecological toxicity: We applied four different models for Ecotoxicity: Daphnia Magna LC50 48h (Demetra) 1.0.4, Daphnia Magna LC50 48h (EPA) 1.0.7, Fish Acute Toxicity Read-Across version 1.0.0, 96 h Fathead Minnow (LC50) Model version 1.0.7. Only substances into the applicability domain (defined by ADI index higher than 0.75) were
